Abstract. This paper presents a sociophysics model which incorporates psychological factors as a determinant and as a consequence of social network characteristics. There is an endogeneity considered in network formation: while the social experiences have impacts on people, their current psychological states and traits affect the network evolution. An agentbased model over Bianconi-Barabasi networks is used to model social psychology phenomena. An application in network size and age of the agents is proposed.
Introduction
In recent years, there has been a strong upsurge in the study of identity as variable, ongoing built up on different types of individuals' representation, also known as identity traits [1] , dipped in a social logic with values and customs of the time. According to the Theory of Social Comparison Process [2] , people unconsciously compare themselves with the ones who are similar to them, and this behavior boosts social network, thus contributing to life in society.
Natural phenomena can be usefully described in network terms. However, until recently, mathematical graph theory in its more quantitative intensive form was neglected by behavioural scientists.
In this paper, we propose to fill this gap through a theoretical sociophysics model that considers the endogeneity between node preferences and traits -the fitness of a node in Bianconi-Barabasi networks [3] -and the structure of the network.
Social communities can be accounted as networks in which the nodes are the individuals, between whom there are many different types of possible relationships. In several network models, it starts out with a small number of initial nodes. At each time step, one new node is added, and is connected to m existing nodes, for some n. The probability of making one of those connections to node i is proportional to the degree of node i, a property called "preferential attachment". This, for instance, in real-world can be related to vanity, as a motivator to attachment in sync with context values, increasing the probability of connecting nodes. Motivations can be originated by sources either internal (such as self-esteem and vanity) or external to the self (eg.: media, gender), in a sum arXiv:1510.08490v1 [cs.SI] 28 Oct 2015 of factors: cognitive, emotional, psychological, and social [4] . In other words, social networks are motivated by individuals' internalization and environment demands.
Sociophysics are an important stream of research in quantitative methods for sociology [5, 6] and can be used to understand this. Through simple rules, such as the ones used in the Sznadj Model [7, 8] and Kynetic Exchange Opinion Models [9] , real phenomena isolating important characteristics are explained. Variations dealing with extremism or contrariness [10, 11] represent a movement towards a more plausible modeling from a psychological perspective. For instance, [10] presents a model with the intransigence of an agent being endogenous.
Nevertheless, this literature disregards that many psychological profiles emerge from mood trends, traits, and past experiences, not only interactions. Such as several researches have shown that decision making is strongly affected by individuals' traits and state, and by social network [12, 13] . This effect is strong even over time, as some studies on human behavior suggest that narcissism play a strong role on CEO's decision making, in a sense that higher levels of narcissism, less incline to follow past directors strategies [14, 15] . This personality trait can frame learning experience, ergo bias information process.
Past research has shown that the location of a person in a social network can predict Big 5 factors [16] . On the other hand, there is evidence that the psychological traits of agents may affect how their networks is [17] , showing some endogeneity. Applications acknowledging this direction are fruitful in political science and migrations [18, 19] , for instance. Although synthetic graphs has been widely used as a tool for giving insights about the expected structure of networks of all kinds providing very helpful results, it is important to notice that most of them do not mimic the real networks.
Poison random graphs, for instance, produce graphs with Clustering Coefficient tending to zero as the number of nodes grows as C = c (n−1) [20] , where c is the average number of acquaintances each person have and n the number of persons. Using a random graph for the entire population of Earth, as c can be considered 1000 [21] , C becomes 10 −7 which is very far from C for real networks (0.01 ≤ C real ≤ 0.5). Despite there are a bunch of random graph generation algorithms, each one with its own advantages and disadvantages, The epidemic model described by [22] is suitable for this work, because it can provide an algorithm for generating temporal random graphs which follows Markov property with propagation figure very similar to those observed in real world.
Nevertheless, in this paper, a variation of the model of [23] is presented to simulate networks in a very simple procedure that allows to iteratively update both the fitness of the nodes and isolate its consequences for the network structure. As long as the real evolution of networks is not the principal point of this paper, the Bianconi-Barabasi model is well-suited to exhibit how the interaction between psychological factors and network effects works. This model is described in section 2, with the simulations being presented; the size of the network is analysed with the average number of interactions per node. In section 3, clashes between individuals are considered. In section 4, is built a discussion of the results in a psychological frame. Then, finally, we have the conclusion.
Sociophysics and Psychological Traits
The Deffuant model [24] is a well-known model of opinion dynamics. In this model n agents on a fully-connected graph exchange opinions if their disagreement level is below a given threshold.
A variation over Barabasi-Albert [25] is developed by [23] . In this model, the opinion exchange is constrained by the network: agents could only communicate with people they have ties.
Analogously, our model is over a network; nevertheless, the network itself, while affecting the behavior of the agents, must be affected by behavioral changes caused by social interactions, in a sense that the more a specific behavior is valued by society, the more salient it gets. This phenomena has been shown in several important works in previous specialized literature. Among those, a worthy mention refers to sensory branding in Japanese men's cosmetics, in which the findings indicate an important impact of society's expectations, women role and influence, and cultural influence on grooming [26] . If we consider the simplest and anecdotal case -men consumption -women reactions and opinions are vectors for men's brand decision making, which means that a woman's feedback can increase or decrease the probability of a brand being chosen by a man.
How does this reward impact on the network formation for the next round of interactions?
Attractive persons are expected to have a higher number of connections, so they must have a higher fitness to the social network, establishing ways towards more contacts. Supposing an undirected graph, the Bianconi-Barabasi network may be used for this task: the reward can be understood as a bonus for the fitness in the next round.
This way, the model is iteratively built following two steps:
1. The network is initialized using fitness t−1
2. x social interactions occur at t, updating fitness.
Other considerations are that an agent can just receive the reward once per turn: if he is selected by other agent, he still receives 0.05; and the fitness vector is shuffled every new interaction. The first rule can be considered as a group interaction instead of a binary one; the second one is to avoid bias due to the initial network for generating Bianconi-Barabasi random graphs that offers a higher probability of being selected for the first 3 nodes.
The results of simulating this process a thousand times considering the initial fitness an 1xN unit vector, with a reward of 0.05 can be seen in figure 1 . The simulations with initial fitness equal to 1 and rewards fixed and equal to 0.05. The fixed number of shocks leads to distortions in the mean of the fitness. The higher the "size to interactions" ratio, the smaller the average fit. In a fixed "size to interactions", the higher the sample size, the higher the distance from the maximum individual fitness to the median fitness.
Iterations
Sample to Interactions Sample Size N=50 N=100 N=200 N=400 N=50 N=100 N=200 N=400 Average Fit Figure 1 . It is important to perceive that considering the sample size to interactions ratio fixed, the average ratios between the largest individual fitness and the other metrics are larger.
The maximum to minimum ratio, the maximum to median ratio and average fitness are in table This table is useful when analyzed with the results of [27] . In this paper, both the network size and age are correlated with extroversion, as measured by psychometric scales. When we consider age as a variable to explain network size, extroversion not important anymore. Our results show that more interactions -small sample size to interaction ratio -lead to higher means in the traits. In other words, there is correlation between number of interactions and the trait, but the trait itself is built over accumulation of interactions.
This initial model assumes that the reward for a social interaction is always positive. However, this is not always true. An extension of this model is considered in section 3. The results are present in figure 2. In these simulations the fitness of an agent is never below 0.
This figure shows that the fixed number of shocks does not create a distortion with different averages for different samples sizes this time. With probabilistic rewards, a higher "size to interactions" ratio leads to a higher maximum individual fitness to the median fitness as well a high sample size. Table   2 condenses this information.
In table 2, is possible to see that for a high sample size to interactions ratio -including the one fixed -there are some maximum to minimum ratios that are non-estimated due to non defined elements. Considering only the maximum to median ratio, the effect is similar to the observed in table 1 for the "Sample to Interactions" parameters. The fixed number of shocks does not lead to different averages for different samples sizes this time. However, a higher "size to interactions" ratio leads to a higher maximum individual fitness to the median fitness. Considering this ratio fixed, the higher the sample size, the higher the distance from the maximum individual fitness to the median fitness.
Sample to Interactions Sample Size N=50 N=100 N=200 N=400 N=50 N=100 N=200 N=400 Average Table 2 . Means and standard deviations for the simulations presented in Figure 2 . The maximum to minimum ratio was not considered for some cased due null individual fitness cases. Considering the maximum to median ratio, the effect is similar to the observed in table 1 for the "Sample to Interactions" parameters.
From the network science perspective, while very simple, the model is useful to incorporate behavioral questions in the temporal evolution of networks. While the structure is not analyzed in this paper some questions must be discussed.
The first point is that the network is memoryless: the relations between the agents are completely forgotten after each iteration. However, in real life networks, some degree of persistence is expected.
Although this is a limitation, an extension to contemplate this characteristic is simple: after a row of social interactions, assign each edge a fixed probability p of forgetting this relation. The next row would use the remaining network to begin the selection of new edges for the nodes who forgot his previous relation. For simplicity sake this change was not implemented, as connections between agents were a secondary concerns of this paper, but it will be taken into account in future works, which a logistic function can be used to model the relation's memory decay or enforcement.
A second point is that the model assumes the only determinants to nodes are the preferential attachment and the fitness: as more salient a certain characteristic is to a person, more this individual is prompt to be accepted by others. However, there are nuances to this relationship, for instance who the individual perceive as peers, in order to standardize patterns to follow [2] . This is extensive to even aesthetic preferences [29] , showing how powerful can be this incentive for some psychological characteristics.
The sample size effects are explained by the empirical literature. For instance, psychological traits that have a strong relation to social skills, possibly can predicts the number of cliques in the network [30] . The most direct analysis that can be done is to relate the simulations to the results presented by [27] , where age -usually correlated with number of experiences (or interactions in the model) -is also correlated with Extroversion. In our model, the results indicated that a smaller "sample size to interactions" ratio -more interactions per agent -implies in the higher presence of the psychological trait in the population.
Considering some extensions to a model with memory, a natural study would be analyze the conclusions of [31] , where larger individual networks had more weak ties and the emotional charge of smaller networks was larger than stronger networks. Moreover, concerning the graph generating algorithms, robustness tests are necessary to create more realistic social networks. Incorporating the psychological factors, the resulting model would be used to understand real phenomena regarding social interactions and emotional traits.
The results are also promising to extend to findings in organizational behavior, which have exhibited that, in a hierarchical environment, individuals that are more concerned about their own status, and willing to maintain the current status, are more likely to engage in communications in which recipients shared a prominent set of organizational norms and practices [32] .
Conclusion
Consistent with our model prediction of increase in"size to interactions" enhance maximum individual fitness regardless network memory, in a developing process, people observe behaviors of roll-models (such as medical doctors, teachers, and leaders) throughout their life [33, 34] and with time these roll-models conjoint into patterns, consecutively internalized becoming part of the individual structure [35] , further losing the source information in which these patterns were built into.
Consecutively the model is a good representative of social network behavior, specially regarding consumption motivations. This also compliance to the concept that goods and services are used in the social context as what causes desire in society, these produce temptations and attractions to entice the consumer, so as to gain competitive advantage [36] .
Future research may involves more detailed descriptions of the network structure evolution.
Questions to be answered are how the location of an agent in a given initial node influences its psychological evolution and in which ways it influences its relations to its neighbors. With these models, the main objective is to extend sociophysics to explain social psychology phenomena and observe its macrolevel effects. Applications of psychologically plausible models in the future may include the sociophysics canonical areas of opinion diffusion and relationships within organizations without necessarily considering a rational actor, but an agent with psychological salient characteristics.
